Gene regulatory cascades are ubiquitous in biology. Because regulatory cascades are integrated within complex networks, their quantitative analysis is challenging in native systems. Synthetic biologists have gained quantitative insights into the properties of regulatory cascades by building simple circuits, but sequestration-based regulatory cascades remain relatively unexplored. Particularly, it remains unclear how the cascade components collectively control the output dynamics. Here, we report the construction and quantitative analysis of the longest sequestration-based cascade in Escherichia coli. This cascade consists of four Pseudomonas aeruginosa protein regulators (ExsADCE) that sequester their partner. Our computational analysis showed that the output dynamics are controlled in a complex way by the concentration of the unbounded transcriptional activator ExsA. By systematically varying the cascade length and the synthesis rate of each regulator, we experimentally verified the computational prediction that ExsC plays a role in rapid circuit responses by sequestering the antiactivator ExsD, while ExsD increases response times by decreasing the free ExsA concentration. In contrast, when additional ExsD was introduced to the cascade via indirect negative feedback, the response time was significantly reduced. Sequestration-based regulatory cascades with negative feedback are often found in biology, and thus our finding provides insights into the dynamics of this recurring motif.
INTRODUCTION
Biological systems use diverse regulatory strategies involving many interacting DNA sequences, RNAs and proteins to achieve robust dynamic control of gene expression (1) . RNA regulation of physiological responses is ubiquitous in living cells and contributes to rapid cellular adaption to stress conditions (2) . While small RNA regulators generate fast gene expression responses (3) (4) (5) (6) , protein-protein interactions also exhibit rapid responses when the protein regulators are already present in the cell (3) . Negative feedback loops represent another widely found mechanism that natural biological systems employ to modulate gene expression dynamics. For instance, negative auto-regulation, in which a system's output molecule negatively regulates its own synthesis, speeds up the response time compared to its counterpart without negative feedback regulation (7) . Regulatory mechanisms involving small RNAs, protein-protein interactions, and negative autoregulation enable biological systems to optimize gene expression in dynamic environments.
Regulatory cascades can generate precisely controlled gene expression dynamics in response to environmental signals (8) . Ordered transcriptional activation has been shown in both prokaryotic and eukaryotic systems, which allows for optimal use of transcriptional resources (9) (10) (11) . By building and characterizing synthetic regulatory cascades, Hooshangi et al. showed that the transcriptional cascade depth (i.e. the number of layers in a cascade) modulates the response time of gene expression (12) . In addition, regulatory cascades that combine both transcriptional and translational regulation have been shown to control the dynamics of important cellular processes such as bacterial pathogenesis and biofilm production (13) . Understanding the principles that govern the dynamic control of gene expression is necessary for predicting complex system-level behaviors and engineering robust gene expression dynamics for a wide range of biotechnological applications (14) .
Protein sequestration is ubiquitous in biology (15) , and sequestration-based gene regulatory cascades are frequently found in pathogenic bacteria (16) (17) (18) . For example, through a partner-swapping mechanism, the ExsAExsD-ExsC-ExsE protein regulatory cascade provides precise control of the type III secretion system (T3SS) gene expression in Pseudomonas aeruginosa, an opportunistic pathogen. Considerable efforts have focused on elucidating the regulatory structure of the T3SS and its basic organization (19) (20) (21) (22) (23) . A transcription factor (ExsA) activates the target promoter (20) and is sequestered by an antiactivator (ExsD) into an inactive ExsA-ExsD complex (21) .
A chaperone ExsC functions as an anti-anti-activator that sequesters ExsD into a complex (ExsD-ExsC) and liberates free ExsA, which activates the T3SS pathogenicity machinery (19) . A fourth protein regulator (ExsE) sequesters ExsC into a complex (ExsC-ExsE). This mechanism prevents ExsC from interacting with ExsD until ExsE is exported from the cell (22, 23) .
Despite these advances in understanding the regulatory structure of the ExsADCE cascade, it is still unclear how the T3SS is timely activated and how each protein component contributes to the dynamics of the T3SS activation. A key challenge in quantitatively understanding the dynamics of the ExsADCE regulatory cascade is that the cascade is intricately integrated into the complex endogenous circuitries that respond to poorly defined environmental signals (24) (25) (26) (27) (28) (29) . In this work, we aim to determine how individual components of the ExsADCE regulatory cascade interact to affect gene expression dynamics. To achieve this goal, we decoupled the ExsADCE regulatory cascade from the poorly-understood native regulatory network of P. aeruginosa. Specifically, we constructed and characterized a synthetic ExsADCE regulatory cascade in E. coli in a piecewise fashion and determined the roles of each protein interaction and negative feedback in gene expression dynamics. Using this bottom-up approach that combines computational modeling and experiments, we found four key factors that determined the gene expression dynamics of the ExsADCE regulatory cascade: (i) the steady state free ExsA concentration, (ii) the apparent ExsD concentration (the initial free ExsD concentration of OFF-state cells), (iii) multi-member protein interactions in which the rapid response is mediated by ExsC and (iv) indirect negative feedback loops. In addition, we found that negative feedback loops embedded in the ExsADCE cascade enhance the robustness of gene expression dynamics.
MATERIALS AND METHODS

Strains and growth media
Escherichia coli DH10B (30) was used for all experiments. Cells were grown in filter-sterilized M9 minimal medium supplemented with 1.0 mM thiamine hydrochloride, 0.8 mM L-leucine, 0.2% (w/v) casamino acids, 0.4% (v/v) glycerol, 2.0 mM MgSO 4 and 0.1 mM CaCl 2 . Kanamycin (20 g/ml), ampicillin (100 g/ml) and chloramphenicol (34 g/ml) were added as appropriate. Three inducers were used at the following concentrations: Ara (Arabinose, 0 to 25 mM), aTc (anhydrotetracyline, 0-500 ng/ml), and 3OC6 (N-(␤-ketocaproyl)-L-homoserine lactone, 0-5 M). All the inducers and chemical reagents used in this study were purchased from Sigma-Aldrich (St. Louis, MO, USA) unless otherwise indicated.
Plasmid design and circuit construction
All the genetic circuits were constructed following the Golden-Gate DNA assembly technique (31) and using type IIS restriction enzymes (BspMI, BsaI, and BsmBI from New England Biolabs, Ipswich, MA, USA). The regulator gene exsC, the pLux* promoter, and the pBAD promoter used in this study were PCR amplified from pLux*-exsC and pBAD-sicA* plasmids (32), using Phusion High-Fidelity DNA polymerase (New England Biolabs, Ipswich, MA). The pexsD-gfp, pexsD-gfp-exsD and pTet*-exsD-BBa J23116-exsA plasmids had been previously constructed (33) . The exsE gene was PCR-amplified and cloned from the genomic DNA of P. aeruginosa PAO1 (ATCC 47085). Genetic parts were ligated using T4 DNA ligase (New England Biolabs, Ipswich, MA). Constructed plasmid sequences were verified by DNA sequencing (PNACL, Washington University School of Medicine). Electro-competent E. coli DH10B was transformed with plasmids (Supplementary Table S8 ) using electroporation (Eppendorf Eporator), and frozen stocks were stored at -80
• C (Supplementary Table S9 ). All the oligonucleotides were purchased from Integrated DNA Technologies (IDT, Coralville, IA, USA). All genetic part sequences used in this study are shown in Supplementary Table S10 .
Fluorimetry
Cells were initially grown overnight (∼16 h) at 37
• C and 250 rpm in 5 ml of supplemented M9 media with 500 ng/ml aTc (OFF-state) and appropriate antibiotics. The overnight OFF-state cultures were centrifuged at 3000g for 5 min and resuspended in 5 ml of fresh supplemented M9 media three times. Next, cells were subcultured (1:100 dilution) in fresh supplemented M9 media (10 ml), grown for 1 h (37
• C and 250 rpm), and transferred to fresh supplemented M9 media (0.6 ml) in deep 96-well plates (Eppendorf). Each culture (0.6 ml) was grown (37 • C and 250 rpm) at inducer concentrations as indicated in Figure 1 . After 8 h, cells were centrifuged and the cell pellet was re-suspended in 200 l filtered 0.9% (w/v) saline (pH 8.0). The population level fluorescence measurements (f GFP = GFP/Abs 600 , where Abs 600 and f GFP respectively represent the absorbance value at 600 nm and GFP fluorescence per cell) were performed in a 96-well microplate (Chimney well and F-bottom, REF-655096, Grenier Bio-One) using a Tecan Infinite M200 PRO plate reader (GFP setting: excitation at 483 nm and emission at 530 nm). Autofluorescence (f AGFP = GFP/Abs 600 of DH10B lacking GFP) was subtracted from f GFP of all experimental samples.
Conversion of GFP arbitrary units into relative expression units (REUs)
Relative expression units (REUs) were calculated using DH10B cells containing a reference plasmid pAH016 (which has a constitutively expressed gfp gene; see Supplementary Table S8 ), which had been previously constructed (34) . The objective of using REUs is to standardize measurements between labs and projects by normalizing measured fluorescence values to that of a reference gfp construct. Raw GFP values were converted into REU using the following formula: 
Flow cytometry
• C and 250 rpm in 5 ml of supplemented M9 media with 500 ng/ml aTc (OFF-state) and appropriate antibiotics. The overnight OFF-state cultures were centrifuged at 3000g for 5 min and resuspended in fresh supplemented M9 media three times. Next, cells were subcultured (1:100 dilution) in fresh supplemented M9 media, grown for 1 h (37
• C and 250 rpm), and transferred to fresh supplemented M9 media (0.6 ml) in deep 96-well plates (Eppendorf). Each culture (0.6 ml) was grown (37 • C and 250 rpm) at inducer concentrations indicated in each figure. Samples were taken every 0.5 h and transferred to 200 l filtered 0.9% (w/v) saline (pH 8.0) supplemented with 2.0 mg/ml kanamycin in 96-well assay microplates (U-bottom, REF-353910 from BD Biosciences, San Jose, CA, USA) for measurements. Flow cytometry analysis was carried out using a Millipore Guava EasyCyte High Throughput flow cytometer with a 488 nm excitation laser and a 512/18 nm emission filter. The flow rate was 0.59 l/s. All data contained at least 5000 events gated by forward and side scatter. FlowJo (TreeStar Inc.) was used to obtain the arithmetic mean of the fluorescence distribution. Fluorescence (REU) was calculated using the following formula:
where F s , F experiment , F control and F DH10B respectively represent the reported sample fluorescence, measured sample fluorescence, measured fluorescence of the reference construct with constitutively expressed gfp (pAH016), and autofluorescence (background fluorescence of DH10B lacking GFP). Reported normalized fluorescence values were then calculated using the following formula: F Normalized = F s /F smax where F smax represents the maximum sample fluorescence. Averages and SEM of the arithmetic means were obtained from replicates performed on different days as indicated.
Computational modeling
Because it is challenging to directly measure bound and unbound protein concentrations for multi-protein signaling cascades, protein concentrations were estimated using mathematical models that were fitted to response times which were calculated from GFP fluorescence time-course experiments (see Supplementary Data for modeling details). It is worth noting that the steady-state free ExsA concentrations used in this work are model-derived values that were obtained by considering experimentally measured parameters, typical parameters for bacteria, and physiologically relevant bacterial protein concentration ranges (13, 15, 33, (35) (36) (37) (38) (39) . Thus, the steady-state free ExsA concentrations are just reasonably estimated values, not accurate ones. To evaluate the validity of our modeling approach, we first compared model response times and experimentally determined response times (Supplementary Figure S7 ; R 2 = 0.94 with respect to the y = x line). Additionally, the experimentally measured GFP fluorescence values were compared to model-derived steady state GFP values (Supplementary Figure S9 ; R 2 = 0.89 with respect to the y = x line). These quantitative comparisons, which yield high R 2 values, indicate the validity of our modeling approach. All mathematical simulations were performed using MATLAB 2016a (Mathworks). Equations and derivations relevant to each figure can be found in the Supplementary Data.
RESULTS
Construction and characterization of a synthetic ExsADCE regulatory cascade in E. coli
The first step in this work was to build and characterize a genetic circuit with all four regulators (ExsADCE), the longest sequestration-based cascade constructed so far ( Figure 1A ). This quantitative characterization was performed by measuring the green fluorescence protein (GFP) output at steady state. This static information was obtained to confirm the expected functionality and interactions of each regulator in E. coli (a heterologous host) and to establish the basis of model parameters for later analyses of gene expression dynamics (see Supplementary Data for details). This circuit consists of exsA, exsD, exsC and exsE under the transcriptional control of pJ23116 (constitutive), pTet* (aTc-inducible), pLux* (3OC6-inducible), and pBAD (Ara-inducible) promoters, respectively. To measure the ExsADCE cascade output, gfp was fused to the pexsD promoter (33) , which is activated by unbound free ExsA. As expected, low GFP levels were observed only when the aTc (ExsD) concentration is high and the 3OC6 concentration is low ( Figure 1B) . We also observed the expected result that ExsE reduced GFP outputs (Figure 1B and C; for the computational model, see Supplementary Data). Previously, we demonstrated that ExsC functions as a tuning knob, which allows for fine-tuning of the gene expression output (33) . These results demonstrate that ExsE functions as an additional tuning knob, an important feature of the complex ExsADCE regulatory cascade that enables optimal control of gene expression.
Modeling dynamics of the ExsADCE cascade
To determine how the multi-member protein-protein interactions in the ExsADCE cascade impact the gene expression dynamics, we developed computational models (Supplementary Data). The first model describes a simple circuit consisting of only the ExsA regulator and its target promoter pexsD. Interestingly, our computational simulation showed that the target gene expression response time (i.e. the time to reach 50% of the steady-state gene expression level; Figure 2A ) is dependent on the steady-state free ExsA concentration. Specifically, the response time can be either decreased or increased based on the steady-state free ExsA concentration regime ( Figure 2B ). Our computational model revealed two regimes: the first regime is at lower ExsA concentrations, where the response time increases with the steady-state free ExsA concentration, and the second regime is at higher ExsA concentrations, where the response time decreases with the concentration (Figure 2B) . The increasing trend in the first regime can be attributed to the increasing 'achievable maximum' pexsD output (A/K) when the free ExsA concentration (A) is much lower than the half maximal constant (K) of the pexsD promoter (here, normalized pexsD output = A/[A + K]). In this regime, an increase in A will require more time to reach A/2K. In contrast, when A is much higher than K (the second regime), the maximum pexsD output (∼1) does not change much such that increasing A allows for the reduced response time. As expected, the response time is affected by not only K but also the protein degradation and dilution (i.e. growth) rate (Supplementary Figures S2 and S3 ). Our computational simulations are consistent with previous reports (12, 13, 15) and demonstrate that tuning the free ExsA concentration can increase or decrease response times.
Because the other protein regulators (ExsD, ExsC and ExsE) affect the target gene expression (33) (Figure 1 ), we hypothesized that these regulators also play important roles in modulating gene expression dynamics of the ExsADCE regulatory cascade by fine-tuning the free ExsA concentration (Supplementary Data). In a circuit that consists of ExsA and ExsD, the presence of ExsD can lower the steadystate free ExsA concentration through molecular sequestration, increasing the response time in the second regime (i.e. at high steady-state free ExsA concentrations; Figure  2C ). In the same regime, our simulation showed that the response time decreases with the ExsC synthesis rate ( Figure  2D ). These models suggest that ExsC mediates rapid gene expression responses by sequestering ExsD and releasing free ExsA in the complex cascade. Motivated and guided by these model predictions, we systematically constructed multi-member, sequestration-based genetic circuits and experimentally characterized their gene expression dynamics in E. coli.
Experimentally measuring dynamics of the ExsADCE cascade
To experimentally determine the impact of ExsD on the response time, we performed time-course experiments on the simple two-member sequestration-based cascade (ExsAExsD; Figure 3A) . The ExsD synthesis rate was varied experimentally by using three different aTc concentrations. Our simulation ( Figure 3B ) and experimental data (Figure 3C and D) showed that the response time (7-10 h) increased with the ExsD synthesis rate (the aTc concentration). Comparing the model prediction with the experimental data ( Figure 3E ; Supplementary Data), we found that the ExsAD cascade operated in the higher ExsA concentration regime, where ExsD served mainly as a filter by sequestering ExsA and delaying the response. Such a delayed response (up to ∼10 h) in the ExsAD cascade would not be ideal for the timely T3SS activation. We hypothesized that ExsC can speed up the response time by sequestering and inactivating ExsD. To test this hypothesis, we investigated the three-member cascade (ExsA-ExsDExsC; Figure 4A ) by varying the ExsD (aTc) and ExsC (3OC6) synthesis rates ( Figure 4B-D) . While the ExsADC cascade was tested in the similar, higher ExsA concentration regime (Figure 4E and F; Supplementary Data), the response time (2-3.5 h) was significantly reduced, compared to that of the ExsAD cascade ( Figure 3E ). In addition, there was a significant increase in the response time (P = 0.037; two-tailed, unpaired, Student's t-test) between the lowest and highest aTc concentrations (0 and 100 ng/ml), and a significant decrease in the response time (P = 0.011) between the lowest and highest 3OC6 concentrations (0.5 and 40 nM). These results suggest that ExsC plays a role in the rapid T3SS activation by sequestering ExsD and quickly releasing ExsA from the ExsD-ExsA complex.
ExsE (anti-anti-anti-activator) was found to affect the response time in a different manner from that of ExsD (antiactivator). To determine the effect of ExsE on the response time, the entire ExsADCE cascade ( Figure 5A ) was characterized by varying the ExsD (aTc) and ExsE (Ara) synthesis rates at a fixed ExsC (3OC6) synthesis rate ( Figure  5B-D) . In the absence of ExsE (Ara = 0; Figure 5E ), the response time increased monotonically with the ExsD synthesis rate. In contrast, our modeling and experimental data showed that the response time mainly decreased with the ExsE synthesis rate ( Figure 5B and C) , indicating that the entire ExsADCE cascade was tested mainly in the lower free ExsA concentration regime ( Figure 5F ). For example, we observed a significant decrease in the response time with the ExsE synthesis rate (between 0 and 25 mM Ara con- centrations; P = 0.028; two-tailed, unpaired, Student's ttest). If the cascade were in the higher free ExsA concentration regime, we would expect the response time to increase with the ExsE synthesis rate through sequestration of ExsC by ExsE. As discussed earlier, when the free ExsA concentration (A) is sufficiently low, a decrease in A will require less time to reach the pexsD output of A/2K, leading to the reduced response time. Consistent with this explanation, it was experimentally observed that the 'achievable maximum' pexsD output decreased with the ExsE synthesis rate (or Ara concentration; Supplementary Figure S8C ). These results demonstrate complex dynamic behaviors of the ExsADCE cascade that could not be understood without computational modeling and quantitative experimental characterization of synthetic circuits.
In transcriptional cascades, the response time increases with the cascade depth because the progression of the signal between layers requires slow processes, including transcription, translation, and regulator degradation (12) . However, we have demonstrated that in sequestration-based regulatory cascades, longer cascades (e.g. the four-member ExsADCE cascade in Figure 5 ) can generate faster gene expression responses than the shorter cascade (the twomember ExsAD cascade in Figure 3 ) under some conditions. This is due to the fast process of protein-protein interaction and is consistent with a recent report showing that in some parameter regimes, longer regulatory cascades that combine small RNA and protein regulators can generate faster responses than shorter cascades (13) . Taken together, our results showed that by controlling the synthesis rate of Figure  4E ; the horizontal gray box for Figure 4F ). The dotted line represents the ExsADC circuit model prediction (Supplementary Data). For the experimental data (filled circles), the steady-state free ExsA concentrations were estimated by using the model (Supplementary Data). Data and error bars respectively represent the averages and SEM of experiments performed on at least three different days. The red and purple arrows respectively represent increasing ExsD and ExsC synthesis rates. There is a significant increase in the response time (P = 0.037; two-tailed, unpaired, Student's t-test) between aTc = 0 (lowest) and aTc = 100 ng/ml (highest). There is also a significant decrease in the response time (P = 0.011) between 3OC6 = 0.5 nM (lowest) and 3OC6 = 40 nM (highest).
each protein regulator, we can fine-tune the gene expression dynamics of the ExsACDE regulatory network, and that each protein plays an important role in modulating the complex dynamic behavior.
ExsD negative feedback reduces response times and enhances the robustness of ExsADCE dynamics
A transcriptional (direct) negative feedback loop is a recurring motif in natural biological networks and can reduce the response time (7). We hypothesized that indirect, sequestration-based negative feedback in the native ExsADCE regulatory network can also speed up the response time. To create an indirect negative feedback loop, we constructed a new circuit in which an additional exsD gene is expressed from the pexsD promoter ( Figure 6A ). Our computational model showed that the ExsD negative feedback (DNF) loop can decrease the response time (Figure 6B and Supplementary Figure S4 ). As shown in Figure 6C , the experimentally determined response times of the DNF circuit (∼1.5 h) are lower than those of the 'no feedback' counterpart (2-3.5 h; Figure 4C ). In addition, the DNF circuit generated gene expression dynamics that are more robust (less sensitive) to changes in regulator synthesis rates ( Figure 6B and C) and changes in the free ExsA concentrations ( Figure 6D and E), compared to the circuit Figure 5E ; the horizontal gray box for Figure 5F ). The dotted line represents the ExsADCE circuit model prediction (Supplementary Data). For the experimental data (filled circles), the steady-state free ExsA concentrations were estimated by using the model (Supplementary Data). Data and error bars respectively represent the averages and SEM of experiments performed on at least three different days. The red and blue arrows respectively represent increasing ExsD and ExsE synthesis rates. There is a significant increase in the response time (P = 0.044; two-tailed, unpaired, Student's t-test) between aTc = 0 (lowest) and aTc = 100 ng/ml (highest). There is also a significant decrease in the response time (P = 0.028) between Ara = 0 (lowest) and Ara = 25 mM (highest).
without negative feedback. These results suggest that DNF enables robust and rapid activation of T3SS.
DISCUSSION
The P. aeruginosa T3SS is a complex, highly regulated nanomachine which secretes effector proteins into eukaryotic cells during pathogenesis. At its core, the intricate ExsADCE regulatory cascade (19) (20) (21) (22) (23) modulates temporal expression patterns of effector proteins and the needle structure components. Other complex regulatory circuits, which respond to poorly defined signals, are also integrated into the T3SS network and impact gene expression dynamics (25) (26) (27) (28) (29) 40) . This complexity makes it difficult to determine how each individual regulatory element contributes to control over gene expression dynamics of the T3SS. By building circuits in E. coli from the bottom-up, we have decoupled the ExsADCE regulatory cascade from the complex endogenous global network of P. aeruginosa and demonstrated that the multi-member protein-protein interactions enable fine-tuning of gene expression dynamics (Figures 2-5 ). In addition, we demonstrated that the indirect DNF loop embedded in the ExsADCE regulatory cascade speeds up the circuit response time and enhances the robustness of gene expression dynamics ( Figure 6 ). This work provides insights into the gene expression dynamics of the ExsADCE regulatory cascade, the first step toward understanding its system-level behavior and combating bacterial pathogenesis.
In this work, we have constructed and characterized the ExsADCE regulatory cascade in E. coli, to our knowledge, the longest protein sequestration-based circuit built so far. By combining experiments and computational modeling, we have shown that the gene expression dynamics of the ExsADCE cascade are determined by four factors: (i) the steady-state free ExsA concentration, (ii) the apparent ExsD concentration, (iii) sequestration-based multimember protein interactions in which ExsC mediates rapid response dynamics and (iv) indirect negative feedback topologies. To further investigate the effect of negative feedback, we have constructed two additional negative feedback loops: ExsE negative feedback (ENF) and combined ExsDExsE negative feedback (DENF). We found that both ENF and DENF produced gene expression dynamics similar to DNF (Supplementary Figures S4-S6 ). These results suggest that the negative feedback topology in the ExsADCE regulatory cascade may have redundant functions in which the impact on gene expression dynamics due to unexpected inactivation of one regulator is minimized by the other regNucleic Acids Research, 2017, Vol. 45, No. 12 7525 ulator (41, 42) . Taken together, our results suggest that the multiple protein interactions and indirect negative feedback loops enable the T3SS to respond to environmental signals in a fast and robust manner.
Similar to P. aeruginosa ( Figure 7A ), diverse bacterial pathogens employ a sequestration-based, multi-member strategy to either rapidly adapt to different stresses, including the immune response of the host cells, or control the T3SS activity. In Mycobacterium tuberculosis, an alternate sigma factor (SigF) mediates an adaptive mechanism during stresses such as antibiotic exposure (43) , and contributes to the immune pathology of tuberculosis by modifying M. tuberculosis cell membrane properties (44) . Through a direct interaction (Figure 7B ), the anti-activator UsfX sequesters SigF into an inactive complex SigF-UsfX (16) . An anti-anti-activator (RsfA or RsfB) sequesters UsfX through a partner-switching mechanism, which frees SigF to activate its target genes (16) . Another example is the Pseudomonas syringae hypersensitive response and pathogenicity (hrp) system, which is a multicomponent cascade that regulates the T3SS (45) . In the hrp regulatory cascade (Figure 7C ), HrpR and HrpS directly interact to form a complex which activates the target promoter (46) . The anti-activator HrpV sequesters HrpS and represses gene expression (17) . A fourth regulator HrpG sequesters HrpV, releasing HrpS to form a complex with HrpR and activate downstream hrp genes (47) . In the Salmonella typhirium T3SS (Figure 7D ), a transcriptional activator InvF interacts with a chaperone SicA to form a complex that activates the sicA promoter (18) . A third regulator SipC sequesters SicA, which prevents SicA from interacting with InvF until SipC is exported (18) . A fourth regulator InvE interacts with SipC and controls its secretion (48, 49) . In all four systems shown in Figure 7 , indirect anti-activator negative feedback loops are present (ExsD, UsfX, HrpV or SipC).
Sequestration-based genetic circuits have been relatively unexplored despite their importance in cellular processes. They play an important role in generating flexible ultrasensitive responses (15, 33, 50, 51) , and when combined with positive feedback, protein sequestration can be used to build robust, tunable bistable switches (33, 36, 52) . Through model-guided experimental analyses, we provide insights into gene expression dynamics of the important recurring motif that consists of multiple sequestration-based interactions and negative feedback loops. Our quantitative, bottom-up approach will be useful for understanding dynamics of other complex regulatory cascades in the future.
